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Abstract
Drought events occur worldwide and possibly incur severe consequences. Trying
to understand and characterize drought events is of considerable importance in
order to improve the preparedness for coping with future events. In this paper, we
present a methodology that allows for the delineation of drought events by exploi-
ting their spatiotemporal nature. To that end, we apply operators borrowed from
mathematical morphology to represent drought events as connected components in
space and time. As an illustration, we identify drought events on the basis of a
35-year data set of daily soil moisture values covering mainland Australia. We then
extract characteristics reflecting the affected area, duration and intensity from the
proposed representation of a drought event in order to illustrate the impact of tun-
ing parameters in the methodology presented. Yet, this paper we refrain from com-
paring with other drought delineation methods.
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1 | INTRODUCTION
Drought events are caused by a lack of precipitation over a
prolonged period of time. On-site, it is relatively easy to tell
whether or not one is experiencing a drought event. Yet,
properly defining a drought event is not an easy task.
A drought event can be regarded as a creeping hazard with
no clear start and end, which moves around and changes in
space and time. Drought events occur worldwide and some-
times have severe socioeconomic consequences, including
catastrophes such as famines. In order to improve the pre-
paredness for future droughts, for instance by adjusting or
drawing up water management plans, it is essential to first
try to understand and characterize these phenomena.
In the scientific literature, much effort has already been
made to try to quantitatively characterize drought events.
Unfortunately, characterizing drought events is hampered by
a number of issues. First, there is no clear definition of a
drought. Droughts are generally characterized as being
meteorological, agricultural or hydrological (Mishra and
Singh, 2010), but for each of these types, only a vague defi-
nition is available that refers to (the impact of) a shortage of
water. Quantifying the start or end of a drought thus corre-
sponds to falling below a threshold of a water storage vol-
ume. This volume should be defined differently depending
on the type of drought considered (e.g., for an agricultural
drought, this will most likely refer to the water stored in the
root zone, while for a hydrological drought, this storage also
includes groundwater). Yet, the user should define (a) the
volume in which water can be stored and (b) the threshold.
Because of this freedom of choice, it becomes challenging to
compare drought events between methods as these choices
will determine the start and end of a drought, and its extent.
Furthermore, capturing all aspects of a drought event
becomes an even more difficult task, as it concerns a moving
and changing phenomenon. Tallaksen and Van Lanen
(2004) pointed out that a drought event is a spatiotemporal
phenomenon of which the space- and time-components are
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to be considered. Yet, only recently an increasing number of
studies have reported on the characterization of drought
events as a spatiotemporal connected component. Andreadis
et al. (2005) were among the first to introduce a spatial iden-
tification procedure and took into account the fact that multi-
ple drought events at one time step can merge into a larger
drought event at a subsequent time step. Similarly, they con-
sidered that one single drought event can break up into mul-
tiple smaller drought events. Sheffield et al. (2009) also
employed this spatial identification procedure for drought
area identification, whereas Lloyd-Hughes (2012) further
elaborated on this procedure and extended it from the spatial
domain to the space–time domain to extract coherent space–
time structures. Herrera-Estrada et al. (2017) also employed
the method of Andreadis et al. (2005) to track the movement
of drought events across regions. In a parallel path of trying
to understand the impact of climate extremes on terrestrial
ecosystems and corresponding land–atmosphere fluxes,
Zscheischler et al. (2013) identified large spatiotemporal
contiguous extreme events by identifying connected compo-
nents through the use of a flood-fill algorithm.
Because of different choices made in each of these algo-
rithms, along with the already mentioned freedom of choice
in the definition of a drought, drought events identified
based on different definitions and algorithms cannot be com-
pared. Furthermore, it is impossible to state whether one
method is better than another, as there simply is no ground
truth. Therefore, in this paper we will refrain from any com-
parison with other drought delineation methods.
Generally, whenever drought events are characterized,
one relies upon drought indices such as the popular standard-
ized precipitation index (McKee et al., 1993) or the Palmer
drought severity index (Palmer, 1965) in order to be able to
evaluate drought characteristics of interest (Mishra and
Singh, 2010). However, these indices do not take into
account the spatiotemporal aspects of droughts. In this paper,
we attempt to characterize drought events by exploiting their
spatiotemporal nature. To that end, we make use of operators
borrowed from mathematical morphology (Serra, 1986) such
that drought events can be represented as connected compo-
nents in space and time. Next, we extract characteristics
describing the affected area, duration and intensity of the
resulting events, which can be used to establish relationships
between drought characteristics such as severity–intensity–
duration or severity–area–duration (see, among others, the
work of Andreadis et al., 2005; Sridhar et al., 2008; Mishra
et al., 2009; Sheffield et al., 2009), some by means of cop-
ulas (e.g., Wong et al., 2010), such that the dependence
between characteristics can be summarized. Such relation-
ships facilitate a frequency analysis of the events by means of
return periods (see, among others, Serinaldi et al., 2009;
Reddy and Ganguli, 2011; Halwatura et al., 2015).
All drought indices have their own advantages and short-
comings (Sheffield et al., 2004; Sheffield and Wood, 2011).
Applications of these indices may hence also suffer from
choices made (Sheffield et al., 2004). To overcome inconsis-
tencies between severity classes assigned by different
drought indices and to provide a sound probabilistic ground-
ing for a drought index, Sheffield and Wood (2007; 2011)
suggest the use of percentile values of a drought variable
rather than its absolute value. As percentile values represent
probabilities of occurrence, they also allow for a straightfor-
ward comparison between values at different locations
(Sheffield and Wood, 2007; 2011).
Sheffield et al. (2004) and Sheffield and Wood (2007)
state that soil moisture is a useful drought index. It is a key
variable in the hydrological cycle as it controls the majority
of processes in the hydrological cycle such as evaporation,
runoff, infiltration and drainage. It also reflects the impact of
meteorological variables such as temperature and radiation.
Furthermore, soil moisture values in the top layer of the soil
are related to short-term precipitation, whereas soil moisture
values in the root zone indicate the amount of water avail-
able for plant growth, and soil moisture values in the deeper
soil layers represent how much water is available for
recharge to aquifers and rivers (Sheffield et al., 2004).
Hence, in the present study, we opt for determining
drought characteristics on the basis of percentile values of soil
moisture. Furthermore, in order to capture the spatial and tem-
poral components of a drought event, we use a long time series
of spatial soil moisture data. A time series of ca. 35 years of
daily values of Global Land Evaporation Amsterdam Model
(GLEAM)-estimated (Miralles et al., 2011; Martens et al.,
2017) soil moisture data at a resolution of 0.25 meets these
requirements and is employed in this study. As Australia is
regularly affected by drought events, we selected data covering
mainland Australia from this global data set. We decided to
focus on daily values in contrast to the generally used monthly
values, as in this way drought events that last less than 1 month
and are terminated by a single storm (Byun and Wilhite, 1999;
Sheffield et al., 2004) can still be detected. Furthermore, we
identify drought events in space and time using operators from
mathematical morphology (Serra, 1986) and then determine
characteristics reflecting the spatial and temporal components
and the severity level of the drought events.
Section 2 first elaborates on the data and the study region
chosen for this research. Section 3 then explains the data
pre-processing, the selection of the threshold used as a basis
for identifying drought events and illustrates the basics of
mathematical morphology and its application in the identifi-
cation of drought events. Section 4 further elaborates on the
determined characteristics of the resulting drought events.
Section 6 then formulates the conclusions that are drawn
from the results.
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2 | DATA AND STUDY REGION
In order to be able to characterize an ongoing drought event,
one has to be able to compare it to historical drought events.
To that end, a long time series of historical data is required.
Ideally, such time series should be available at large scales
in order to also capture the spatial characteristics of the
events. With the emergence of satellite remote sensing data
in the late 1970s, obtaining information at a high temporal
and spatial resolution has become easier. The Global Land
Evaporation Amsterdam Model (GLEAM; Miralles et al.,
2011) benefits from the use of satellite-derived observations
to successfully estimate terrestrial evaporation and soil mois-
ture as shown by Martens et al. (2015). Its resulting data sets
of evaporation and soil moisture have already been used in
modelling studies or in evaluations with respect to other data
sets (see, among others, Lorenz et al., 2014; Trambauer
et al., 2014; McCabe et al., 2016; Liu et al., 2016; Lopez
et al., 2017; Majozi et al., 2017; Roy et al., 2017; Tobin and
Bennett, 2017). The data set we use in this paper (the
GLEAM v3.0a data set; Martens et al., 2017) spans a period
of 35 years (from January 1, 1980 till December 31, 2014)
of global daily root-zone soil moisture values at a 0.25 reso-
lution. The data have been estimated on the basis of
satellite-observed soil moisture, vegetation optical depth and
snow water equivalents, reanalysis air temperature and radia-
tion and a multi-source precipitation product and show a
slightly higher quality compared to other GLEAM data sets
when evaluated against in situ measured soil moisture data
(Martens et al., 2017). The depth of the root zone employed
in GLEAM is a function of the land-cover type and can con-
sist of up to three layers, which extend between 0–10,
10–100 and 100–250 cm. Depending on the landcover,
GLEAM considers a different number of layers to compute
the root-zone soil moisture. Three layers are taken into
account when tall vegetation is present. For small vegetation
only two layers are considered, whereas only the first layer
is taken into account for bare soils.
As Australia is vulnerable to the effects of climate
change, in particular to the expected drying trend for the
next 50–100 years (McCarthy et al., McCarthy et al., 2001),
we selected daily data covering mainland Australia from this
GLEAM data set for this study. At present, substantial agri-
cultural areas are affected by periodic drought events and
Australia contains large areas of arid and semi-arid land.
Unlike in many other drought characterization studies, we
decided not to convert the daily values to monthly values as
these daily values will allow for the detection of drought
periods lasting less than 1 month. As pointed out by Byun
and Wilhite (1999), an affected drought region can return to
normal conditions with only one day's rainfall.
3 | DATA PRE-PROCESSING AND
DROUGHT IDENTIFICATION
As one of the drought characteristics that will be determined
throughout this paper is linked to the spatial component of
the event, we first reprojected the soil moisture values to the
Lambert Azimuthal Equal Area coordinate system such that
areas can be accurately calculated. These reprojected data,
with a resolution of 27.442 × 29.079 km, are then further
used as the basis for the drought characterization in the
remainder of the paper.
3.1 | Selection of the drought threshold
As pointed out by Sheffield and Wood (2011), characteriz-
ing a drought event is a challenging task because it varies in
many dimensions: its spatial components describe the area it
covers, its temporal component reflects the time it persists
and its intensity changes both in space and time. Ideally, the
characterization of a drought event should reflect all of these
components and should furthermore be transferable across
regions and through time. Therefore, we followed the sug-
gestion of Sheffield and Wood (2007; 2011)) to use a per-
centile level as threshold for defining a drought event.
A value below the threshold then indicates that drought con-
ditions are met. We chose a value of 10%, which then
reflects that drought conditions are observed 10% of the
time. This value can also be regarded as the value that sepa-
rates moderate from severe and more extreme drought events
(Andreadis et al., 2005). Furthermore, to take into account
that a drought event is not restricted to a single location and
to allow that the soil moisture values of the neighbouring
locations also take part in determining the soil moisture
value of the threshold, we identified a neighbourhood
around the location under consideration. In this study, three
different sizes of neighbourhood, that is, a 3 × 3, 5 × 5 and
7 × 7, were used. In this way, a smoother transition between
the soil moisture values of the thresholds for neighbouring
pixels is established. In order to determine the soil moisture
value corresponding to the percentile threshold of 10% for
the pixel at hand, we established the empirical cumulative
distribution function of all soil moisture values observed
within this neighbourhood. In this way, determining a
threshold corresponding to the 10th percentile indicates that
the soil moisture value at the location should drop below the
soil moisture value corresponding to the 10th percentile of
the entire neighbourhood before it is regarded as dry. This
idea can easily be extended when one aims to take into
account larger neighbourhoods such as regions with the
same land cover.
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3.2 | Application of mathematical morphology
After selecting only those pixels with a value below the 10th
percentile value, a time series of binary maps that indicate
which locations possibly belong to a drought event is
obtained (see Figure 1 for an example of such a map). It is
clear that applying the threshold results in a scattered pat-
tern. Single pixels are denoted as dry, while larger dry
regions contain pixels that are denoted as not dry. This also
occurs in the time-dimension. Pixels can be denoted as dry
at one time step, whereas at some following time steps, they
are denoted as not dry, followed by again being denoted as
dry at the time steps thereafter. A procedure is required in
order to smooth away these irregularities. Since the images
have been thresholded and are thus of a binary nature, it is
not possible to make use of a simplified smoother (such as
the median filter) to smooth away noise (as the result would
not be binary). However, these filters can work at the level
of soil moisture and could thus be applied prior to
thresholding the image to obtain a binary image showing
drought or non-drought pixels. Still, it is to be expected that
small gaps or small drought events are present in the
resulting image, which still requires the use of a procedure
to smooth the obtained image. A method that is well suited
for smoothing binary images is mathematical morphology
(Serra, 1986), whose operations aim at simplifying images
by retaining the essential shape characteristics and remov-
ing irrelevancies (Haralick et al., 1987). Applications and
extensions of mathematical morphology with respect to
image filtering, image segmentation, etc., have already
been reported in the processing of remote sensing data
(Soille and Pesaresi, 2002) and medical image analysis
(Dufour et al., 2013).
By using the basic operators from mathematical morphol-
ogy, that is, erosion and dilation, the holes within the larger
dry-denoted regions can be filled and the smaller dry-
denoted regions can be removed. To apply these operators, a
structuring element, which will be applied as a moving ker-
nel over the image, should first be determined. The size of
this structuring element influences the size of the dry-
denoted regions that will be removed and the holes that will
be filled. As a drought event has a spatiotemporal character,
we chose to make use of a structuring element that has
space–time dimensions. To this end, the thresholded maps
of the time series are placed one after the other, and a three-
dimensional structuring element can hence be applied to this
series. We used different structuring elements of which the
smallest a 3 × 3 × 3- and the largest a 7 × 7 × 7-box, where
the first two dimensions indicate the spatial size of the struc-
turing element and the last one indicates the number of time
steps that is taken into account.
For reasons of simplicity, we explain first the erosion and
dilation operators in two dimensions. Consider the space
E of all pixels in a binary image, of which the set A of dry-
denoted pixels at a particular time step is a subset. In order
to apply an erosion to the image, the structuring element B is
centred at each pixel x, resulting in a set of pixels denoted as
B(x). If at least one pixel in B(x) is not dry, then x will obtain
the status of not dry after the erosion. Only if all pixels in B
(x) are dry, then x remains dry. This operation can be mathe-
matically written as
ϵ Að Þ= x2E jB xð ÞAf g, ð1Þ
which states that the eroded image of subset A (or ϵ(A)) con-
sists of all pixels x in the image (or the set E) for which B(x)
is included in the subset A.
Performing a dilation amounts to a region growing of the
set of dry-denoted pixels. The structuring element B is again
centred at each pixel x in the image. If at least one pixel in
B(x) is dry, then x will obtain the status of dry after the dila-
tion. Thus, x remains wet if all pixels in B(x) are wet. This
operation can mathematically be written as
δ Að Þ= x2E jB xð Þ\A 6¼ ;f g, ð2Þ
which states that the dilated image of subset A (or δ(A)) con-
sists of all pixels x in the set E for which B(x) contains at
least one pixel that belongs to the subset A.
Figures 2 and 3 illustrate these two morphological opera-
tors. An original map, for which the dry-denoted pixels (the
set A) are indicated in grey and the wet pixels are shown in
white, is given in Figure 2a together with the 3 × 3 structuring
element (red). In Figure 2b, the structuring element is posi-
tioned at a dry pixel. At this position, several of the pixels
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FIGURE 1 Possible drought locations (red) after thresholding a
percentile map. All coloured pixels have a soil moisture below the 10th
percentile value of all pixels within its 3 × 3 neighbourhood. The
spatial resolution of the data used in this figure is 27.4 × 29.1 km
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(a)
(b) (c)
(d)
FIGURE 2 Map and
structuring element (a), two steps
(b) and (c) picked out of the
erosion process and result (d) of the
erosion process. The pixel at which
the structuring element is centred is
coloured lighter if after erosion the
pixel becomes non-dry. If the
centre pixel is coloured darker,
then the pixel remains dry after
erosion
(a) (b)
(c)
FIGURE 3 Two steps (a, b)
picked out of the dilation process on
the image in Figure 2a and result
(c) of the dilation process. A lighter
coloured centre pixel remains non-
dry after dilation. A darker coloured
centre pixel becomes dry after
dilation
534 VERNIEUWE ET AL.
covered by the structuring element are not dry; therefore, the
center pixel will change its status to not dry (white), after the
erosion process. Similarly, the pixel corresponding to the
structuring element's central pixel in Figure 2c will remain dry
(grey) after the erosion process, as for this pixel, the set of
pixels covered by the structuring element is included in the set
A. Figure 2d shows the final result after positioning the struc-
turing element at all pixels of the space E. Analogously,
Figure 3 illustrates the application of the dilation operator,
where Figure 3a shows a situation where the central pixel
remains wet, and Figure 3b a situation for which the status of
the central pixel changes from wet to dry after dilation.
Generally, these mathematical morphology operators are
performed sequentially. Performing a dilation on an eroded
image, or γ = δϵ, is called a morphological opening. The alter-
native order where an erosion is performed on a dilated image,
or ϕ = ϵδ, is referred to as a morphological closing. By first
applying a morphological opening followed by a morphologi-
cal closing, an open-close filter is obtained that simplifies the
image by taking away smaller structure drought features and
filling in smaller holes, in the following sequential way:
1. Perform an erosion, resulting in ϵ(A):
ϵ Að Þ= x2E jB xð ÞAf g: ð3Þ
2. Perform a dilation on ϵ(A), which results in γ(A):
Erode
Dilate
Dilate
Erode
Result
Dry-denoted Pixel in Original Image
Dry-denoted Pixel Prior to Operation
Wet-denoted Pixel After Operation
Dry-denoted Pixel After Operation
(a) (b)
(d) (c)
(e) (f)
FIGURE 4 Example of the
process of an open-close filter applied
to a binary image [Colour figure can be
viewed at wileyonlinelibrary.com]
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γ Að Þ= δϵð Þ Að Þ= x2E jB xð Þ\ ϵ Að Þ 6¼ ;f g: ð4Þ
3. Perform a dilation on γ(A), which results in (δγ)(A):
δγð Þ Að Þ= x2E jB xð Þ\ γ Að Þ 6¼ ;f g: ð5Þ
4. Finally, perform an erosion on the obtained image (δγ)
(A), which results in the simplified image (ϕγ)(A):
ϕγð Þ Að Þ= ϵδγð Þ Að Þ= x2E jB xð Þ δγð Þ Að Þf g: ð6Þ
Figure 4 shows an example of a binary image on which
the sequential steps performed by an open-close filter with a
3 × 3 structuring element are demonstrated. First an opening
is performed by applying an erosion (Figure 4b) followed by
a dilation (Figure 4c). In this way, all drought events smaller
than the structuring element, being isolated or at the edge of
a larger drought area, are removed. However, an infilling of
holes smaller than the structuring element has not been per-
formed. Therefore, a closing (first dilating followed by an
erosion) should be performed (as sequentially done in
Figure 4d,e). As can be seen from the result, small areas
between drought areas are filled, while small dry-denoted
pixels are removed.
For applying the above-described operators in the
three dimensions of the time series of thresholded images,
the space E now consists of all pixels at all time steps in
this time series, and A is the time series of dry-denoted
pixels. The three-dimensional structuring element, for
instance a 3 × 3 × 3-box, is then positioned at each pixel
x in E, and the operators can be applied as described
before. By first applying the erosion operator (see Equa-
tion (3)), dry-denoted regions that are strictly smaller than
the structuring element are removed. Larger dry-denoted
regions are diminished and existing holes will be, ini-
tially, enlarged. By applying the dilation operator (see
Equation (4)) in the second step, the diminished regions
are enlarged and the enlarged holes are diminished. The
application of the dilation and erosion operator in the
third and fourth step, respectively (see Equations (5) and
(6)), aims at filling holes that are strictly smaller than the
structuring element.
The resulting dry-denoted regions that are connected in
space and time are then regarded as one single drought
event. An operational definition of a drought event is thus
obtained:
A single drought event is defined as a connected compo-
nent in space and time after application of the morphological
operators.
Figure 5 illustrates the resulting drought events obtained
at November 2, 2012, after applying an open-close filter to
the thresholded time series with a 3 × 3 × 3-box, where
different colours illustrate the different drought events. This
figure clearly shows that at the given time step, the green-
coloured drought event is not spatially contiguous. However,
as in former or later time steps, the currently isolated green
parts merge, these parts belong to the same drought event.
For the GLEAM data set spanning 35 years, we identified
1859 drought events in this way. The smallest and shortest
drought event of these identified events corresponds to the
size of the chosen structuring element. It should be noted,
however, that by enlarging the size of the structuring ele-
ment to, for instance, a 5 × 5 × 5-box, fewer drought events
will be identified of which the smallest drought event will
hence correspond to the size of this applied structuring ele-
ment. Furthermore, as the dilation operator is part of the pro-
cedure to identify drought events, it is inevitable that pixels
that are originally denoted as not dry, thus having a value
higher than the threshold, will become part of the identified
drought event.
We furthermore note that by applying a larger structuring
element, for instance a 7 × 7 × 7-box, larger parts of a possi-
ble drought event will be eliminated when the structuring
element does not fit between the holes in the event. This
means that in the application of the erosion operator
(Equation (3)), the structuring element does not entirely
overlap the dry-denoted pixels resulting in the removal of
these pixels. For instance, after application of an open-close
filter with a 7 × 7 × 7-box on the thresholded time series for
the date corresponding to Figure 1, no drought event was
identified.
From the above results, it should be clear that the choice
of (the size of) the structuring element highly determines the
result. Depending on the user's needs, only smaller-scale
structures should be removed or filled in (resulting in a
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FIGURE 5 Drought events identified after application of an
open-close filter using a 3 × 3 × 3-box to the thresholded time series.
Different colours indicate different drought events. From the drought
events identified, only 1 day is shown as illustration
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lesser simplification of the image), or highly simplified
droughts are wished for as one works at larger scales, which
for specific applications, smoothing the drought event to a
large extent can perfectly be argued. Unfortunately, if one
performs an open-close filter using a large structuring ele-
ment, it generally erodes too much of the image if the origi-
nal image shows a large number of small holes. Such a
result is not desired as Figure 1 clearly shows that a quite
large contiguous area, apart from some isolated pixels,
is dry.
This side-effect can be alleviated by gradually eliminat-
ing the noise components by using an open-close filter
sequentially, starting from a small structuring element in the
first iteration and by enlarging the structuring element for
subsequent iterations. Such filter is called an Alternating
Sequential Filter (ASF; Serra and Vincent, 1992):
ASFi= ϕiγið Þ ϕi−1γi−1ð Þ… ϕ1γ1ð Þ, ð7Þ
in which i represents the ith iteration, γ1 and ϕ1 represent the
opening, respectively, closing operator with the smallest
structuring element. ASF1 hence corresponds to the open-
close filter using a 3 × 3 × 3-box. We applied ASF-filters in
order to compare the results of directly applying a larger
structuring element to the results of gradually enlarging the
structuring element, obtained by applying ASF2 (where first
a 3 × 3 × 3- and then a 5 × 5 × 5-box is used) or a ASF3
(by sequentially applying an open-close filter with a
3 × 3 × 3-, a 5 × 5 × 5- and a 7 × 7 × 7-box). Figure 6
illustrates the obtained result after applying ASF2 and ASF3
on the time series resulting from a 3 × 3-neighbourhood. It
can be seen that the larger drought event (green-coloured in
Figure 5) also appears in the result after applying ASF3. This
favours the application of an ASF-filter instead of directly
applying an open-close filter with a larger structuring ele-
ment. The split drought event, purple-coloured in the top
panel of Figure 6, is identified by ASF2; however, its upper
part is too small to be identified by ASF3. Furthermore, we
see that the larger drought event (green-coloured in
Figure 5) has been split in smaller events (green- and purple-
coloured in Figure 6) after application of an ASF. In the next
sections we will further elaborate on the influence of the size
of the structuring elements or the filter used (open-close
vs. ASF).
4 | DROUGHT CHARACTERISTICS
For each drought event identified by the above-described
method, we determined characteristics that reflect its spatial
and temporal components and its intensity level. With
respect to the spatial component, one needs a characteristic
that summarizes the extent reached by the event. The
maximum area covered by the drought event could charac-
terize the affected area. However, it might be more informa-
tive to aggregate the τ largest daily areal extents experienced
by a given drought event during its duration. In order to be
in line with the size of the structuring elements that were
employed in the previous section, we chose to retain as
many largest daily areal extents as the size τ of the structur-
ing element in the time dimension, yet, any user is
completely free to choose this number. With respect to the
characteristic reflecting the temporal component, as is
already performed in many studies and is quite straightfor-
ward, the drought duration is chosen. In order to summarize
the intensity reached by the drought event, we first
converted the daily percentile values q to survival percen-
tiles, which equal 1 − q, to express the intensities. In this
way, higher values correspond to a higher intensity. Simi-
larly as for the affected area, we aggregated the τ largest
daily intensity values. There are different options to
2012−11−02
−1500000
−1000000
−500000
0
500000
1000000
1500000
2012−11−02
−1500000
−1000000
−500000
0
500000
1000000
1500000
0
−2e+06 −1e+06 0e+06 1e+06 2e+06
−2e+06 −1e+06 0e+06 1e+06 2e+06
1000 km
0 1000 km
FIGURE 6 Drought events identified after application of an ASF
with a 3 × 3 × 3- and 5 × 5 × 5-box (top panel) and a 3 × 3 × 3-, a
5 × 5 × 5- and a 7 × 7 × 7-box (bottom panel). From the identified
drought events, only 1 day is shown as illustration
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aggregate these values, such as computing the mean, or giv-
ing more weight to the most extreme value than to the other
ones, as generally the most extreme value is of highest
importance. The ordered-weighted-averaging (OWA) opera-
tor (Yager, 1988) allows to make a wide variety of aggrega-
tions (Ahn, 2006) by using different weighting vectors. The
OWA operator has already been used in data mining applica-
tions (Torra, 2004), decision making (Vigier et al., 2017),
regression problems (Yager and Beliakov, 2010), classifica-
tion (Mohammed et al., 2016) and outlier reduction
(Beliakov et al., 2016).
The OWA operator F : Rn ! R of arity n is associated
with a weighting vector w = (w1, w2,…, wn)T2[0, 1]n (where
T stands for the transpose operator) such that
Pn
i=1wi=1,
and takes the following form:
F a1,a2,…,anð Þ=
Xn
i=1
wibi, ð8Þ
with bj the jth largest element of {a1, a2,…, an} (in other
words, by sorting the elements a1, a2,…, an in descending
order, one obtains b1, b2,…, bn).
If one would only be interested in the maximum of the
values, the vector of associated weights would be
w = (1, 0,…, 0). When all weights are equal, the OWA oper-
ator corresponds to the arithmetic mean. To determine the
weights, we use a measure that takes values ranging from
0 to 1, which is called the orness. This measure defines how
much each of the indiviual elements is taken into account in
the weighted average. An orness of 1 corresponds to taking
the maximum, while an orness of 0 results in taking the min-
imum of all values, and thus corresponds to a vector of
weights w = (0, 0,…, 1). The arithmetic mean, for which all
weights are the same, is obtained for an orness of 0.5. In this
paper, we opted for giving more weight to the larger daily
values compared to the smaller values. An orness of 0.75
was selected, as a kind of intermediate between the
maximum and the arithmetic mean. To compute the weights
in w, we used the method of Fullér and Majlender (2001),
resulting in the weights listed in Table 1 for OWA operators
of arity 3, 5 and 7.
Table 2 lists the number of completed drought events
obtained after application of the morphological operators
using different sizes of the structuring elements. Also, the
corresponding values for the first quartile, the median, the
third quartile and the maximum for each of the characteris-
tics determined on these events are listed.
From Table 2, it can be seen that the size of the
neighbourhood does not only influence the number of identi-
fied drought events, however, as to be expected, the larger
the size of the structuring element, the lower the number of
events that are identified. In fact, Table 2 demonstrates that
the largest drought event is obtained when using a smaller
structuring element. Similarly, the duration of the longest
drought becomes shorter when larger structuring elements
are used. This can be attributed to the fact that the structur-
ing element has to fit entirely, in space and time, within the
time series of thresholded maps, before a pixel being dry is
retained. This also holds for the tail ends of the drought
events, in which smaller structuring elements more easily fit,
resulting in the fact that the largest and longest drought
event is identified when a smaller structuring element
is used.
As the use of smaller structuring elements also results in
the identification of more, smaller and shorter drought
events, the majority of the drought events has a smaller
affected area when they are identified by smaller structuring
elements, as seen by the decrease in median effected area
with increasing structuring element size. A similar observa-
tion can be made with respect to the duration of the events.
Figure 7, which shows the cumulative distribution func-
tions of the obtained drought characteristics for different fil-
ters used, reveals that the drought events identified with
ASF3 generally have a larger affected area. Regarding the
identified drought intensities, it can be seen that the intensity
values generally become larger, meaning that only the more
severe drought events are retained for larger structuring ele-
ments. It should be mentioned that the values of 1.000 in
Table 2 are in fact smaller than 1, but appear as such because
of the rounding. As these intensity values are in fact survival
percentiles of the percentile values of the soil moisture,
corresponding to 1 − q (with q the percentile of the soil
moisture value), a value of 0.9798 as found for the first qua-
ntile for a 3 × 3 × 3-box indicates that in 97.98% of the
cases, the soil was wetter than what was observed for the
first quantile event.
Table 2 also shows that more drought events are identi-
fied after applying an ASF than after applying an open-close
filter with a comparable structuring element (i.e., ASF2 vs. a
TABLE 1 Weights used by the OWA operators of different arity
corresponding to the length τ of the structuring element B in the time
dimension
Orness = 0.75
τ 3 5 7
w1 0.6162 0.4594 0.3637
w2 0.2676 0.2608 0.2390
w3 0.1162 0.1480 0.1556
w4 0.0840 0.1012
w5 0.0477 0.0659
w6 0.0429
w7 0.0279
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5 × 5 × 5-box and ASF3 vs. a 7 × 7 × 7-box). The reason is
that in the first step of the ASF, small-scale holes are filled
using a 3 × 3 × 3-box. As such, the sequential 5 × 5 × 5 fil-
ter is applied to a less scattered image, causing less areas to
be removed. Because of this sequential filtering of the
image, less removal of dry areas near the boundaries of the
drought event occurs, resulting in the fact that the affected
areas become larger. These observations might indicate that
by using smaller structuring elements, drought events might
be too easily withheld, whereas the use of larger structuring
elements might be too strict. The identification of drought
events by means of ASF2 or ASF3 hence might serve as best
compromise. We note that Zhao and Lu (2017) also reported
in their medical image analysis study that using ASF2
obtains good results for most images.
Generally, characterization of drought events is per-
formed on the basis of monthly data (Byun and Wilhite,
1999). In order to compare the above-described results to
what could be obtained for monthly data, for each pixel, we
calculated its weekly average of soil moisture data. For these
weekly data, we chose a threshold of 10% for a
3 × 3-neighbourhood, and we applied an open-close filter
with a 3 × 3 × 3-box. By doing so, a dry-denoted area needs
a minimum duration of 3 weeks (more or less comparable to
1 month) before it will be identified as a drought event.
Table 2 shows that only 660 events were identified com-
pared to 1859 on the basis of daily data. This large differ-
ence in number of detected droughts is partly caused by the
fact that many of the droughts identified based on daily data
have a duration that is less than a week (as demonstrated by
the first quantile value (5 days) or median (11 days) for
the duration using a 3 × 3 × 3-box on a daily basis), and
therefore cannot be detected when using weekly data. Fur-
thermore, given the size of the structuring element, the
minimal duration of a retained drought event when using
weekly data is 3 weeks, which is a duration that nearly
corresponds with the third quantile of the duration of the
drought events obtained using daily data. Only
465 drought events have longer durations, a value that is
somewhat smaller than the 660 events that are found using
weekly data.
Naturally, the majority of the events has a longer duration
compared to the events identified on a daily basis. The lon-
gest drought event has a comparable duration. With respect
to the affected areas and the intensities, comparable values
as for the smaller structuring elements are obtained.
5 | DISCUSSION
Several of the drought events listed in Table 2 fall within the
Millennium Drought, which Australia has faced. Yet, the
data set containing root-zone soil moisture values does not
allow for the identification of the Millennium Drought as a
single drought event. The reason can be found in the fact
that the water shortages at deeper layers, which characterize
the Millenium Drought, are not reflected in duration by the
soil moisture in the top layer, as this variable is directly
influenced by the precipitation, and, therefore, typically
changes more rapidly. Comparing the values in Table 2 with
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FIGURE 7 Cumulative distribution functions of the obtained
drought characteristics using a 3 × 3 neighbourhood and different
structuring elements (SE) and morphological operators. (a) Affected
area, (b) drought duration and (c) drought intensity
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those that can be obtained using other methods for identify-
ing drought events does not make much sense, as these
values are highly influenced by the choices made by the user
(including the threshold for defining a pixel being dry or
not, the post-processing operations such as cleaning up
images, or whether or not the data are analysed in a spatio-
temporal context or only through the use of spatial
statistics).
From an operational point of view, using small-scale
structuring elements will result in more detailed, or less sim-
plified drought events, including many small-scale droughts.
For applications in which one is more interested in small-
scale information, a small structuring element therefore pro-
vides the best qualitative results. Yet, for larger-scale appli-
cations, the resulting small-scale drought events may be of
lesser interest, while the larger-scale drought events still con-
tain too much detail. In the latter case, a further simplifica-
tion may be needed to filter away the small-scale drought
events or to further simplify the drought events. The down-
side of using larger structuring elements is that the total
duration and the extent of the events is generally reduced,
and that large-scale drought events may also be filtered
away, in case the original thresholded image showed too
many holes. From that point of view, using large structuring
elements may not be advisable, and an ASF should be
selected.
It should be clear that the drought events identified are
the result of an operational procedure. As such, identified
drought events may not entirely correspond to the opinion of
water managers or on-site experience. Nevertheless, they do
provide easily interpretable images for a qualitative assess-
ment. Still, the operational water managers can select their
own structuring element or ASF based on their familiarity
with on-ground conditions, and how those conditions com-
pare to the output of the method applied.
6 | CONCLUSIONS
In this paper, we showed that mathematical morphology can
be used to operationally identify drought events taking into
account their spatial and temporal nature. This has been
illustrated using the GLEAM data set, spanning a period of
35 years of daily root-zone soil moisture values at a 0.25
resolution. Daily data covering mainland Australia have
been selected and, for each pixel, a neighbourhood-10-th
percentile value of daily root-zone soil moisture values was
selected as a drought threshold. We applied operators from
mathematical morphology that make use of a structuring ele-
ment in space and time dimensions to this spatiotemporal
data series to identify drought events. By using different
sizes of neighbourhoods and structuring elements, we have
identified different drought events of which we determined
the drought affected area, duration and intensity. In order to
summarize the affected area covered by and the intensity
level of the drought event, we applied an OWA operator tak-
ing into account as many values as the time dimension of
the structuring element used.
The results show that the largest and longest drought
event was obtained by using the smallest structuring ele-
ment. However, larger structuring elements generally iden-
tify larger, longer, and more severe drought events. Yet,
less events are obtained with the larger structuring ele-
ments. This might indicate that smaller structuring ele-
ments identify drought events too easily whereas larger
structuring elements are too strict in the identification of
drought events. Results showed that a good compromise
might be offered by applying an ASF. However, one has
to be aware that these identified drought events are the
result of an operational identification procedure, from
which the resulting drought events may not entirely corre-
spond to the on-site experience or to the opinion of water
managers.
In this paper, we deliberately did not compare our results
to those obtained with other methods to delineate droughts.
The reason is that each method makes use of a different defi-
nition of a drought, or uses different data, or performs differ-
ent post-processing steps. Yet, as there is not a single
definition of a drought event, each method results in other
drought events, with different durations and/or extents. The
method here presented simplifies the drought events, by
removing small-scale structures and by filling small holes
within the events. Therefore, the drought events obtained
may include areas that are wetter than the preset threshold
defining when a pixel is to be considered dry, while some
areas that may be dry at certain time steps are no longer
included in the drought event. As such, the resulting drought
events have to be used in a qualitative way, and comparing
droughts can only done when using the same type of data,
threshold and type of filter.
Given the lack of ground truth, none of the methods can
be considered better than any other one. Because of this, a
water manager or drought crisis manager has to apply his/her
own definition when working with droughts. Depending on
the situation, he/she may want to identify large simplified
structures, which benefits an easy communication, or less
simplified structures, which better suit local-scale manage-
ment. In case a mathematical morphology operator is used,
the former will require the use of large structuring elements
(7 × 7 × 7-box or even larger), while for the latter, small
structuring elements are preferred (such as a 3 × 3 × 3-box).
However, for large-scale applications, we advise to make
use of an ASF in order to prevent removing too many
drought events. By trying several options, the water manager
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or drought risk manager may optimize the method to his/her
needs.
In future work, we will illustrate how the spatiotemporal
characteristics of drought events as identified on the basis of
mathematical morphology can be used to relate an ongoing
event to historical drought events and estimate its severity
by taking into account the dependence between its
characteristics.
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